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o imz 1/} (Device-Cloud Collaboration) : 1g%xiReE (WEREFH. loTiRE) BRI ARSI R LHERT.
® =l XEE (Large Model) : BRIARITER, HEEXRRITEEND. BENEIE. TORIFIRE.
® im/\MEREL (Small Model) : SERYREAN. SERIIRAL, ETRERES, WAEER.
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Teacher model
(Large model)
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Student model .
(Small model)

Device

Up-link

——

= Uncertain samples 7 Down-link
. . * u Uncertai u ﬂ D:m flow

° 0 . Visual prompts
_____________ . Processed prompts|
E Uncertaintv : @ Uncertain sample
! uided Sampling
€ o
Visual Prompts I~ Q=
Maodel parameters w Changing

(a) The problem and our main idea

Hzh 25 (Gan et al.)

Yulu Gan, Mingjie Pan, Rongyu Zhang, et al.: Cloud-Device Collaborative Adaptation to Continual Changing Environments in the Real-World. CVPR 2023: 12157-12166
Chengfei Lv, Chaoyue Niu, Renjie Gu, et al.: Walle: An End-to-End, General-Purpose, and Large-Scale Production System for Device-Cloud Collaborative Machine Leaming. OSDI 2022: 249-265
Xufeng Qian, Yue Xu, Fuyu Lv, Shengyu Zhang, et al.: Intelligent Request Strategy Design in Recommender System. KDD 2022: 3772-3782
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Reinforcement Learning Enhanced LLMs
A Survey

Shuhe Wang, Shengyu Zhang, et al.
Under Review
(online, https://arxiv.org/pdf/2412.10400 )

Reinforcement Learning Enhanced LLMs: A Survey
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RHLF RLAIF

Shuhe Wang*, Shengyu Zhang®, Jie Zhang*, Runyi Hu*, Xiaoya Li*
Tianwei Zhang*, Jiwei Li*, Fei Wu®, Guoyin Wang, Eduard Hovy*
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A prompt and » Anew prompt Magne oro vBE'DI’O (ﬂ-ea ﬂ—rtf) -
B ’ 4dd Domain-Specific System (58 <[> fic — i
several model Expla L= sampled from : ) AL Abstract capabilities of these pre-trained LLMs can be in-
X_D lain the moon * the dataset Write a story Stepl  <|start_header_id|suser ‘ ‘_. ‘\!ll\n‘llv\:‘melsmol:w _ B]E ~ _a ‘ ) ‘ consistent, sometimes leading 1o responses that,
outputs are landing to a 6 year old . 8 about frogs ol ) s D e (2, Yw Y1) ~D alrglT, Y e\, Yu ‘This paper surveys rescarch in the rapidly grow- while technically correct, may be harmful, biased.
utpu r . . ) Y ing field of enhancing large language models e 3
. Step2  <|start_neader_id|suser | X g (LLMs) with reinforcement leaming (RL), a misleading, or irrelevant to users’ needs. There-
d_header_1d | har . K . K RE ), - : .
sampled. - f et eter e o [ b higher weight when reward estimate is wrong =] technique that enables LLMs to improve their fore, it is crucial to align the outputs of pre-trained
0 0 = The polic bt materias hould use 3] performance by receiving leedback in the form LLMs with human preferences before they can be
Bxplan groviy Bk H policy o0 o build 3 nest 3 o of rewards based on the quality of their outputs, effectively applicd to various natural language tasks
% generates °_o cleottdl>< | stare_head LLM - o allowing them to generate more accurale, co- (Wang et al., 2023b; Wan et al., 2023; Sun et al,,
. 2 B g toD st — Vo log Tf(?;‘m | 3;) — Vo 10g 77('.":'# | ’I‘) a herent, and contextually appropriate responses. 2023c,b; Giray, 2023; Zhang, 2023; Long, 2023;
O Q » an output. .\\SX./. - e ' ' ~ f:g":;;’:z“:’;a"';ﬁ:':gmﬁ:ﬁﬁ' Sun, 2023; Gao et al., 2023; Paranjape et al., 2023;
Momisnwirl  Pgawmnin ™ IL el increase likelihood of 3, decrease likelihood of y; enhanced LLMs, attempting to consolidate and Sun et al., 2023a; Diao et al., 2023; Wang et al.,
H —_ analyze the rapidly growing rescarch in this 2023a; Zhang et al., 2023b; Sun et al., 2023d; Liu
. * :—' field, helping researchers understand the cur- etal., 2024d; Yao et al, 2024; Liu et al, 2024c;
. \-; mn[‘cll;u:llmlglcslh anr:,advlnc;n;':\ué?p!x;i:llly, I;;;:x al., 2024; Kambhampati, 2024; Wang et al.,
. .. . @ we ctail the basics of RL: (2) introduce ).
. ! = 7 +'-7< S 7|< E Direct Preference Optimization (DPO) < popular RL-enlsanced LLMs; (3) review re- Peenioualy. -widely sdopted spprosch for allgn-
A labeler ranks . Once upon a time... Ei ZIX searches on two widely-used reward model- ing the outputs of pre-trained LLMs with human
. LA \ L) based RL techniques: Reinforcement Learning A has bee : dﬁ ing (SET
- &S from Human Feedback (RLHF) and Reinforee- preferences has been supervised fine-tuning (SFT)
the outputs fro : { S e Lo A ek AT, (sl 200 M 2020 oo
= The reward model < and (4) explore Direct Preference Optimization 5 ., 2022; ., 2023;
best to worst. H i — S {DPOY, u set of methods that bypass thereward ¢ al., 2023; Zhang et al.. 2023a; Chiang et al.,
0 > G > o = 0 = calculates a RM - model to directly use human preference data 2023; Xu et al., 2023; Peng et al., 2023; Mukhetjee
. M N,/—‘ v ™ for aligning LLM outputs with human expecta- etal,, 2023; Li et al., 2023; Ding et al., 2023; Luo
= reward for L@ P ) hare tions. We will also point out current challenges etal., 2023; Wang et al., 2024d; Zhou et al., 2024),
" NKXT by —_— — 1 and deficiencies of existing methods and sug- This method further trains LLMs on (Instruction,
s th e \ A\V4 n gest some avenues for further improvements, . "
e output. ) 5 y " Answer) pairs, where "Tnstruction” represents the
. =z Project page of this work can be found at our ¥ P! .
H ® o i atest repo, human prompi given to the model, and "Answer” is
This data is use RM e d ' o |y LIMTe 8§ 1 lntroduction e e LA 1o prcuce st shre
to train our 2R o SFT Reward P ! el o 2023 Ope. © epecifc charactersies o domain knowledse,
= used to update L Model RL model ge language models (Jiang et al., 2023 Ope- 1o it poccible for humans to interactive with
A M p k ® nAl 2023; Dubey et al., 2024) are sophisticated & ko
reward model W . : General " a0l oo ttaimed o extonsie toxt daty,  ILLMs. Despite its effectivencss, SFT has limita-
2 = the policy Purpose dis pre ferred anguage models pre-traned on exIensive Iext At o0 quring training, the model is constrained to
- " LLM allowing them to produce coherent and fluent re- o oo i ancwers we provide, with metrics
>0> °= o = using PPO . P . sponses to diverse inputs. However, the interaction 1 Fo ot provade.
(0] H : Reinforcement Instance-level Opt]mlzatlon - " like perplexity (PPL) penalizing synonym use. On
. Leaming oo "The University of Melboume, *Zhejiang University.  ane hand. this can hinder the LLM’s ability to gen-
H m;f:ﬁ,'“':f"fl'[’f;-mfli‘f\-j:gg,mﬂ-‘g:“y'"ﬂT“'“’“‘ eralize, as tasks like writing and summarization
- ELM" sm;.,.‘g?,.uffn._mneum_,u N have multiple valid phrasings. On the other hand,
oject of this work can o i - in aligning wi
e H a2 a T ps: lgithub. con/ShuheWang 1998/ :m“y el dai performance in aligning ‘f'","
H Reinforcenent-Learning-Enhanced- LLHs-A- Survey uman preferences, as no direct human fecdback is
= 7|< * The lutest update was on Dec. 3, 2024 (Version 1). incorporated into the training process.
1 . . = [k S kel IS 1T
A ;gj pRE 1/l = R IR B S ki
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Yuhang Liu, Xueyu Hu, Wenyan Fan, Shengyu Zhang, et al. Fine-Grained Guidance for Retrievers: Leveraging LLMs' Feedback in Retrieval-Augmented Generation. CEFSW @ ICMR 2025
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HEN T L MR ESERMERERIORmE N IERRES, HAENEIEXTERRT, HRAGIERE
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Relevance: e o

’ Query: What are the health benefits of drinking green tea daily? MMLU
Query: Whatare the health benefits of drinking grec daily? e_e Method s ST ome——r— NQ PQA HoPo FEV. All Avg
; . b T===udiverge" " pos, | GPT-3.5-Turbo
prevention ___-* digestive Retrieval Top k documents
of cancer issues A Heart health ... aid in weight loss ... distinctive 0 No retrieval 529 766 531 757 634 481 443 336 821 543
; ' . e o Contriever 551 763 545 745 642 488 456 390 894 574
S 2 ' taste ... unique processing ... 245
BRique stomach + Offset AARContriever 543 785 525 771 644 490 463 369 896 572
taste @ Construct L. discomfort H o o o) = BGE 529 782 540 765 641 503 439 395 893 574
H O Polyphenols ... prevention of cancer ... unique . y . § = . § § !
A 2 SBERT 541 779 528 774 645 494 501 387 885 rmai
_.==converge,_ O o taste ... not appealing to everyone ...
Pay S~ O<o FiGRetconriever (OUrs) 554 769 545 771 650 496 480 399 906 | 58.6
New Query: What are the side effects of drinking & tea? 9 0 : FiGRetpg (O 558 798 543 765 655 504 457 400 903 | 584
e Retri Presence of tannins ... digestive issues ... stomach iGRetpgE, (Ours) - - g - - - g - 203 384
-------------------------------------------------------- ﬁ]::- eiriever et et ohe chioss donting FiGRetspgrr (Ours) 558 772 552 768 654 499 501 391 887 | 586
Comprehensiveness: a 9 3 T ' i o Llama-3-8B-Instruct
Query: What are the health benefits of ! (eo daily? ornuman No retrieval 529 744 516 733 620 331 261 259 791 452
= . Preference Contriever 529 763 525 733 625 413 417 360 845 532
heart Comp. Training AARContriever 529 772 540 739 632 421 423 353 852 53.6
health - 0 e R 0 e BGE 544 769 528 736 633 441 361 359 861 53.1
- prevention e .~ SBERT 539 766 54.6 733 634 417 460 357 862 546
aicin fieanicen Ceiibig O y -- e FiGR (Ours) 535 775 531 748 634 430 443 369 865 | 548
weight loss O I Y L 252 A .. GRete gpriever (Ours) . g X ! . X : . . :
g \Q L —— T I Positive Negative oo FiGRetgge (Ours) 539 763 534 751 636 453 414 375 878 | 55.1
Heart health ... aid in weight S8y B FiGRetspggt (Ours) 54.6 763 540 742 637 428 463 361 862 55.0
loss ... prevention of cancer Previous AppfOOCh Claude-3-Haiku
-------------------------------------------------------- o 5 S No retrieval 505 826 504 783 688 276 317 269 704 451
heart health, aid in weight loss istinctive tas
Purity: 0 Banse 0 CLLERE G S CUHHRE O Contriever 6L6 820 600 798 700 357 413 330 900 540
' _ AARContriever 626 835 501 795 702 361 421 327 902 543
h id i distineti 5 e e prevention of cancer unique taste BGE 614 820 585 774 69.0 381 375 330 896 53.4
eart AT istinctive  unique |- @ SBERT 620 810 588 792 694 359 462 327 895 ik
health weight loss taste processing par converge : =
I I o FiGRetcontriever (OUrs) 629 820 603  80.1 705 365 442 338 904 | 551
. . — ? " o FiGRetpgE (Ours) 633 829 57.9 789 699 400 422 357 900 | 55.6
2 uery: reen tea dail BGE 53.3
@ Remove UNMAue .“® Remove aid in Query 3 FiGRetgpggy (Ours) 637 842 504 777 705 371 466 330 901 | 555
v processing . weight loss '
'
s

Heart health ... aid in weight é Heart health ... distinctive 6 e digestive issues, s;nmac}; discomfort ELLM , EBase Ret rieverigﬂﬂ€_§ll‘$ﬁgj:%ﬂ_

loss ... distinctive taste ... taste ... unique processing ...

FiGRetgEIRBZ SRR S F R ILLMESIMES LRIMMERSER, ERSEIEAESEFS
2025AHFRBFIES | HBAl BEHF L ”/['\\\
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BRI %
* Stage |

Stage 1

View-Conditioned Diffusion Priors

TR EA, Bed BRI EAR, H
FEQUHEEATT B2

ﬁ «_ 3D Diffusion

Prior

Neural Radiance Field \\

|
Initialization | &
Stage 2 v /

Masked SDS Loss

< 2D Diffusion
Prior

» Stage 2

Diffusion Inpainting Priors

H T Stage 1HINeRFAR A 7f il Mask , =
ZzMaskii oy o {EfRFFStage IFZARIFI[RI IS e
P WU B IR AR AN 1 e

Neural Radiance Field

MPOD123: One Image to 3D Content Generation Using Mask-enhanced Progressive Outline-to-Detail Optimization. CVPR 2024
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HIFEaihE: One (KEEBE) to All (/MEBY) 4&pf /DD

KIEBIIREI RS IR B A R iEZEModel GPT

ModelGPT + FIFHRBIRNE Nimik + D SEE = (HEEERy) THERIR/IVEEL, &
All-in-One EI’JLﬁHjtT*’*” SOILZIN, Y1 ERER One-to-All WAJEENE, NETZHIN
iR, NED (Lim) . BENMAGSIREASSIE.

. 7(‘ NLP, CV, #iTabular DatafiBIEiEE FiFHTIGIE, HEEiE#Finetune5i%,

.
© ModelGPT [ Algorithm 1 Pseudo-code of Parameter Generator P(-; 0,,)
& User Input — Customized Model Requirement Generator Model Customizer
Please give me an artificial intelligence model, making it {(7General e — i ™ iras — L — . A NN
b i r {nne e O mvertion) | (O S O C  || Mot | TopeResnton Require: A = {(D; = {X;,Y;},m) i,
N Image  Text  Tabular J— 1 1
i Image Ensure: 6, = (0., 0,,,0,) satisfies Equation (5)
- Noy batch of data along with their el
| e | e i1
T Classification
for _ = 0 to fepoch do
Please help me discriminate the category of Text Text 4 Distil-BERT i
S | the given images. These images are office Siicstin ( . )
S | supplies taken by a DSLR camera. for ‘D iy Ti) 1M A do
. .
i for batch in D; do
They drank the pub dry. — acceptable 1 3 1 ( ) ( )
o | Ttk i Obtain 6; with Equations (1) to (3
& | The professor talked us into a stupor. — acceptable
The professor talked us. — unacceptable

Use batch to compute the loss and update 6
Compute the difference A8, of 6;
Use A6, to compute the gradients of 6,

Please help me discriminate whether the input
sentence is semantically acceptable.

2
a

-Tabular : Update Gp
|8 = 3 = end for
| end for

Please help me classify the tabular data from
the dataset Iris.

Save best checkpoint according to Equation (5)
\ end for

3
e

*. Users can choose to provide labeled data or descriptions, or both

e[| T —— Zihao Tang, Zheqi Lv, Shengyu Zhang, Fei Wu, Kun Kuang:
o .M elGPT | Generated o recogmzewhlch type of iris plant the mpul is. er )

e | =TS ModelGPT: Unleashing LLM's Capabilities for Tailored Model
Gro Generation. CoRR abs/2402.12408 (2024)
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HIFEEaihE: One (KEEE) to All (/MEBRY) 4&pf /VDDOR
AEBYRTIRY IR BY A B iESRModelGPT

. ENLP, CV, FMiTabular Datadi BUEHE4E 34796000, MRS B Finetune /775,

252 H 075 2RModel GPTHESS LA 2 2R A, (Flin4a=SHMIA. LORARIRD 2706
ﬁ%‘ A B I BN L Be AR A

Results on GLUE Benchmark (Distil-BERT)

Methods CoLA SST-2 MRPC STS-B QQpP MNLI-m MNLI-mm QNLI RTE WNLI DM Score {{Epoch Rqulthm e
LoRA 48.3 91.0 849/803 81.2/80.0 68.9/87.3 80.5 33.1 88.1 52.8 65.1 0.0 71.5 20 216.1
Finetune 455 913 86.6/80.8 82.1/80.9 69.2/878 81.8 80.8 876 569 637 356 744 20 273.8
ModelGPT 395 88.9 853/784 80.9/803 63.3/835 71.8 78.0 846 695 644 280 734 0 1.0
ModelGPT-F 369 90.8 855/794 81.3/805 67.0/86.6 71.8 78.1 858 700 623 299 738 1 3.1
Results on Tabular Data (MLP)
. Heart . Breast Car Wine Dry . Bank E2E
Methods Iris Disease Wine  Adult Cancer Evaluation Quality Bean Rice Marketing Average WEpoch Runtime
LoRA 93.3 63.0 67.3 54.7 95.9 713 55.0 889 925 89.8 77.2 20 46.2
Finetune 88.9 54.3 89.1 55.2 96.5 71.0 553 90.6  93.1 89.9 78.4 20 39.5
ModelGPT 100.0 60.9 94.5 54.7 95.3 71.5 54.1 850 925 89.8 79.8 0 1.0
ModelGPT-F  100.0 62.0 94.5 55.1 95.9 713 55.4 88.8 92.9 90.0 80.6 1 23
Results on Office-31 (ResNet-50)
Domain Amazon DSLR Average | Webcam (ModelGPT is Zero-Shot) | {E E2E
Methods Acc Acc@3 Acc@5 Ace Acc@3 Acc@5  Acc  Acc@3  Acc@5 | Acc  Ace@3 Acc@5 \ e
LoRA 664 717 84.8 784 922 96.1 724 85.0 90.5 725 815 93.8 400 231.8
Finetune 675 792 837 843 98.0 1000 759 88.6 919 | 90.0 100.0 100.0 400 257.6
ModelGPT 664  79.9 837 922 1000 1000 793  90.0 91.9 | 762 875 91.2 0 1.0
ModelGPT-F  67.8 813 859 922 1000 100.0  80.0 90.7 92.8 715 90.0 91.3 1 2
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» SRR, (155, IESHA—IRENINFISESR /DDo=

AT E (B, SRR, T Y) ERkemaaEipfssmmaimyg BN ETES
ISR, EEMESHEMTRTER S,

(a) Knowledge Distillation : (b) Backbone Sharing

Yy Teacher Prediction !
e R — = anll_n T
BRSIAS—%T /ﬂlﬁﬁl; - ‘"““’Iﬁﬁ =
f

I
1
1
or Feolure-based Logi'r-r\%cscdl or Pﬂsrl?c:?i?er
AREEIEFI FLogitsFFeature MapE AR, (KTFATHLR, )L 5 )< m’f/{ _’
A ‘-._' -
T2 IE BT HESHTIIRTR, KT R, \ﬂlﬁ’-’—zzd!n!;dzm : Il

-----------------------------------

(c) MergeNet Parameters

SIERAER B /ﬂ[

=]

'//f —
Yil=__.

Knewledge Transfer

ﬂ%ﬁﬁ%*

Parameters

Parameter
Adapter

SEER (HMHE <> ETRIVFIRR) ZERNIRAGRS.
AEHIREE Z [BFTRARRE.

af=lEYE

LiK, Zhan T, Fu K, Zhang S, et al. MergeNet: Knowledge Migration across Heterogeneous Models, Tasks, and Modalities. AAAI 2025
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HRETFHENRNESISERINT, EETESHRITIEE.

SOEENIRET: USKHRE, SRABREERSY, THYSSRNG—&R

SIAIRER: RUSHERE, BERISHSHNTE, BIVIFERNES, THSAILES

SSRBIHIARDT

SHIENRSHEL

RIS

AR AT — =3 wALIF]
f A 1 _ =217 /%
W (= Rnxm A € R‘rxm B € Rnxr }Réj;{f’] . ﬁ_
1xXrM
— ® -i<R .
l AL € R™M ;
1 emmmn ) .
7 eee (£ 2 1=
| lﬂ HEm, q ﬁ
1xrm v
N ® \ /s
=17/5 PR =Ead] knowledge transfer happens every T, steps
W' e R™™ A’ € R™™ B € R™" EFF | r

LiK, Zhan T, Fu K, Zhang S, et al. MergeNet: Knowledge Migration across Heterogeneous Models, Tasks, and Modalities. AAAI 2025
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» BHSASIEE (15, ESHA—SRNIGTSIERE NDDO"

| S2iE 7 (S GARIE IS B R A S 2 R e R AL AOPR )

RN ATEMHERHRKENG R, XESR
MIRER T EAFEANT =
E**ﬁm.sﬁﬂb\ g

$ ‘
1§ﬁ*ﬂ1ﬂ&*§ ERWMIRATH VOQA ITR
T_T_Hg ‘HJEE . —_— Methods overall other number| TR IR
FIEHI K—S NIRRT Methods Top-1 ~ Top-5 Vanilla 4578 3133 28.71 |41.48 37.64
. ‘0P~ ShO Acc(%) Acc(%)  MergeNet(V—T) 4633 3329 3133 4472 39
0. 0. %I]Mxﬁmﬂn : : MergeNet(T—V) 4596 3199 31.15 |44.58 3893
e — Vanilla MobileNetV2 63.87 88.77 MergeNet 46.51 33.84 3154 |44.78 39.26
Y oee KD (Hinton et al., 2015)  64.32 88.62
a i RKD (Park etal., 2019) 6548  88.9 SRR
: : — DKD (Zhao et al., 2022) 6523  89.01
L= A AR £ NKD (Yang etal.,2023) 6509  88.9 Methods  SQUAD v2.0 | IMDb
MergeNet(R—M) 66.23 89.66 EM? FIT Err)
(=il =1 MergeNet(R M) 66.51  89.75 Vanilla  70.17  73.06 | 8.02
E%@Eﬂ IEBE%IJ : MereeNet 71.89 75.43 75
: Vanilla ResNet50 68.11 89.61 GIgCING - b -
{ESZSSEBIAE K KD(Hinton et al., 2015) 6836  89.9
— RKD(Park et al., 2019) 68.6 90.21
s S22 CIFAR-100 SQUAD v2.0
SR ERATES DKD (Zhao etal, 2022)  69.03  90.25 Methods .y "\ e Top-5 Acc| EM FI
NKD(Yang et al., 2023 69.27 90.18
Mer%ﬁet(R(—)M) ) 69.84 90.57 Vanilla 63.87 88.77 ‘?0.1? 73.06
g 1 3 ;

MergeNet  65.56 88.74 [70.89 74.15

LiK, Zhan T, Fu K, Zhang S, et al. MergeNet: Knowledge Migration across Heterogeneous Models, Tasks, and Modalities. AAAI 2025
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Zhan Tianyu, Zhang Shengyu, Lv Zheqi, et al. Device-Cloud Collaborative Correction for On-Device Recommendation. IJCAI 2025
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BB AR, PESUETT SR, BFHESMeE.
MRS : BB TR RS EERSY, FIREA TSI AL,
FMSHRIE: BFEHeBAPIT SRR, SRS S A TR A

iERIE

Global Data

I EIERE

IRBIEREIRT

Metrics

|
s Datasct ‘ Model UAUC [ NDCG@3 | NDCG@10 | NDCG@20 | HitRate@3 | HitRate@10 | HitRate®20
[ - arameter Coj on
C) >, & Global Correction Network oxifudifer] fos ‘ DIN 07185 | 02525 | 0286 | 03102 | 03655 | 04703 05629
® ° Zn 4 o) 05 06 04 o ooo GRU4Rec 07078 | 02577 | 02825 | 03103 | 03485 04254 05361
B © = - S o o f02] (09 pare ggg A SASRec 07314 | 02605 | 02920 | 03180 | 03929 | 04852 05876
T I o3f03 los (o7 Beaut BERT4Rec 07178 | 02555 | 02829 03109 | 03445 04296 05403
Geo @ = = £ 5 =D ¥
G» € @; (23] Fs T \Cz/m i O 8 H % MambadRec 07220 | 03051 03300 03543 03871 04639 0.5603
S o Q_ A0ER R O A1) et e Corgect CoCorrRec (w/o. GCN) | 0.7331 | 0.2987 03256 0.3517 04019 04858 0.5874
E 4 ——— m CoCorrRec 07342 | 03126 | 03371 03626 | 04108 0.4867 05888
I:l H Correction Network oS o4 oat---Tos: Ab |
— ! los o { j DIN 07991 | 03422 | 0379 04070 | 0459 05760 0.6829
I RN O - Wb S ——— ] GRU4Rec 08257 | 03528 | 03933 04237 | 04762 0.6016 07218
- I : Normalization SASRec 08161 | 03418 | 03820 | 04131 | 04639 0.5881 07107
Collabo.ratlve Pretraining Deploy D Self-Correction Network | Electronic BERT4Rec 08182 | 03454 | 03851 04171 0.4665 0.5891 0.7156
Embedding L (s : MambadRec 08198 | 03390 | 03787 04115 | 04632 0.5861 07157
T - o R . v i || Adaptive Fusion CoCorrRec (wlo. GCN) | 0.8258 | 03550 | 03950 | 04258 | 04754 0.5989 07210
- ! ' - (O IETTEEE : CoCorrRec 08315 | 03629 | 0.4021 0.4327 0.4862 0.6074 0.7282
: ' m 28 13 W l=> ; DIN 09522 | 05302 | 0574 | 05959 | 07333 08775 09497
- Y OR . . . . X ¥ .

—> GCN : =5 - D > & o v GRU4Rec 09522 | 05247 0.5724 0.5916 07318 08778 0.9525
5 - i -, |Loss Eeg SASRec 09499 | 05099 |  0.5607 05804 | 07173 08729 09495

= | <
- ' 3 Click Secimnce velp BERT4Rec 09524 | 05388 | 05830 | 06000 | 07451 0.8841 09514
i | SCN | ot UL S Prediction oos MambadRec 09514 | 05301 | 05776 05954 | 07387 0.8832 09528
_____ 1. CoCorrRec (wlo. GCN) | 09511 | 05372 | 05835 06006 | 07412 0.8824 09489
_______ Tioloy CoCorrRec 09533 | 05412 | 05865 06036 | 07470 0.8858 09531

:; Forward -+, Backward
Propagation ¥ 7 Propagation

infRIERF KBRS 24, =l HERT 5 iR IEFREY, 1P Rinil 3 nuERT,
Eﬁ%éﬁ&fm{,v FIREE RIS SEHERF MERERYTRTT
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L'HEZKWDWEWT%_J (Collaborative Learning to Learn at Test Tlme)/'\-‘DD

z:W!J&IEa%TFﬁFﬁ SIIEEUTIRIEZ R, AS5|AGIMER

4G: 5SMB/s 4G: 15MB/s 5G: 50MB/s 5G: 100MB/s Tolerance
1 2 56KB ft: 0.51ms ft: 0.17ms ft: 0.051ms 1t: 0.026ms
0:1.18ms | o: 1.18ms— 2.52ms | o: 1.18ms— 1.63ms | o: 1.18ms— 1.32ms | o: 1.18ms — 1.25ms 421ms
{: 4.16KB | l:0.83ms 4: 0.28ms 4: 0.083ms 4: 0.042ms

InMFFFRITEEIRERL, RAEIEZRIME TR

Model | #Parameter | AFLOPs | AMemory
DIN 1.97M 12.6 M 2.25M
GRU4Rec 1.97TM 30.2M 8.78 M
SASRec 3.91M 38.3M 6.01M
BERT4Rec 2.02M 101.0M 35.6M
Mamba4Rec 2.06 M 68.4M 21.6M
CoCorrRec (W/o GCN) 1.95M 17.0M 14.2M
CoCorrRec 2.08M 82.7TM 23.2M

ESAEIRE FORHEEREF (0.06%-4.56%)

Metrics
1 )\J\\/ ,‘l‘R{{ Is if@ﬂj@%ﬁ%%& Dataset ’ Mol } UAUC | NDCG@5 | NDCG@I0 | NDCG@20 | HitRate@5 | HitRate@10 | HitRaie@20
s | =
- 4 DIN 07185 | 0.2525 0.2866 03102 03655 0.4703 0.5629
. GRU4Rec 07078 | 0.2577 0.2825 03103 0.3485 04254 0.5361
R%L-l—%_?gxﬁ ﬁ E 7 %TTT ,‘Jz \a:l:%ﬁ SASRec 07314 | 02605 0.2920 0.3180 0.3929 0.4852 0.5876
S =AY/ /N /R Beauty BERT4Rec 07178 | 0.2555 0.2829 03109 0.3445 0.4296 0.5403
MambadRec 07220 | 0.3051 03300 03543 03871 0.4639 0.5603
CoCorrRec (w/o. GCN) | 0.7331 |  0.2987 03256 03517 0.4019 0.4858 0.5874
CoCorrRec 07342 | 03126 03371 0.3626 0.4108 0.4867 0.5888
DIN 07991 | 0.3422 03799 0.4070 0.4596 0.5760 0.6829
GRU4Rec 0.8257 | 03528 03933 0.4237 0.4762 0.6016 0.7218
SASRec 0.8161 | 03418 03820 0.4131 0.4639 0.5881 0.7107
Electronic BERT4Rec 0.8182 | 0.3454 0.3851 04171 0.4665 0.5891 0.7156
MambadRec 0.8198 | 0.3390 0.3787 04115 04632 0.5861 0.7157
N Ay — N P — N CoCorrRec (w/o. GCN) | 0.8258 |  0.3550 03950 0.4258 04754 0.5989 0.7210
¢! EI_I’I I uIJ-I E‘I’Ij]\ |E| 'L-|_ %aiﬁﬁﬁ*g T ‘,E = I;E'Ln CoCorrRec 0.8315 | 0.3629 0.4021 0.4327 0.4862 0.6074 0.7282
ﬁﬁ aaw A ) Ly .y \2 2 DIN 0.9522 [ 0.5302 0.5774 0.5959 0.7333 0.8775 0.9497
GRU4Rec 09522 | 0.5247 0.5724 0.5916 0.7318 0.8778 0.9525
MMH-abia e AZ. ﬁ > SASRec 0.9499 | 0.5099 0.5607 0.5804 07173 0.8729 0.9495
ﬁb IE A \ zl: ) Yelp BERT4Rec 0.9524 | 0.5388 0.5830 0.6000 0.7451 0.8841 0.9514
\ MambadRec 09514 | 0.5301 0.5776 0.5954 0.7387 0.8832 0.9528
CoCorrRec (w/o. GCN) | 0.9511 |  0.5372 0.5835 0.6006 07412 0.8824 0.9489
CoCorrRec 09533 | 0.5412 0.5865 0.6036 0.7470 0.8858 0.9531

Zhan Tianyu, Zhang Shengyu, Lv Zheqi, et al. Device-Cloud Collaborative Correction for On-Device Recommendation. IJCAI 2025
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s I KRB RSB ERANNRRIBSERTFER, ERARBEL AR 5EES (K48
Al MOMEESIAEEEDS f (E48R) IRMIRMZESZRIL (11D Hypothesis)
® LI AF, REEIENINAZ SFESHRE, SBERIEEES TR

IEieoth MZESHRIZ (IID Hypothesis) : EIRP M ERREP, (AR MALFE . fEHERT
SEAT SR ZELE, YRR 00 BT AR G i3 AR A 52 i ARIR AT 4%

ResNet-50EAREIRE N B IWIEHIEHIERE

100.0

® LE ZK TR H AR

min E(y,)~p[Dis (T (x; 0 I S(x; 65) + CE(S(x; 65), y)]. 80.0
o LUBRT, WAMREIIH AN BRE (Px ‘ |
I

o

o

P , T E AR 40
® [Hill: P~ P, XNICEIEAMITIE ( Py HA AR 20.
WA, ZAWMEN EREEFAEHP 0.0

® [HN2: P~ P, WML HMMNA—ERL.

o

Office-31 Office-Home VisDA-2017
m Rl EEE  m BiRtadtee

Zihao Tang, Zheqi Lv, Shengyu Zhang, Yifan Zhou, Xinyu Duan, Fei Wu, Kun Kuang: AuG-KD: Anchor-Based Mixup Generation for Out-of Domain Knowledge Distillation. ICLR 2024
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N AR RANASZIRE EXILLMSEH TR ESS, RIFH{RISRE MEREFIRIARESD?

> ?;I)\E’I‘%é&frﬁlm%iﬁﬁﬂéﬁ SISERERERNEENERSE, BITHEFEKER FEE—ERLE!
> BT ISR SHEEE B T El ERARIERAEES], NESEE: NiFESS.

=/J\ |

PR SELEE P

—FE)I| &AL

SEIRER

Transformer/Z TSR IRT B B Label BNGSENE Table 1: Performance of HyperCAT compared to traditional
> Y Label W W W W fine-tuning methods. The best results for each setting are
. b S k
[ Feed Forward ] """"" ﬁiﬁ&. LOSS . ] [ k] H[Daran] [ ] highlighted in bold.
( | <
I — ;;; ? v Loss Methods SST-2 RTE BoolQ
< W W W, LP 92.75 61.87 61.19
fin L Eik 4 [ ] [ 3 ] [ ] [ Partial FT 93.58 63.30 59.63
# [ Transformerz ]4-. e p ; .
: : sz | i B HyperCAT 95.39 61.03 62.75
[ Multi-Head Attention ] & % ? """""""" R | Table 2: Hypernctwork capacity analysis through layer-Wise
? ? f 54 ] ] & parameter generation. The best results for each setting are
) () m B i B wimxie 2Rl ) highlighted in bold.
PN — ot _J
3 4 4. C__ ) % 8 W £ IR B Label Mecthods Pre KT Hyper-FI
1
! e 5 _— D Label S P HyperCAT (No Pre-KT) 50.92
() (o] (o] — S E R i AT Gy 7056 1908
/ [ \ ? 4 = HyperCAT (last 14 layers) 92.86 92.75
HyperCAT (last 1 layers) 93.08 94.55
[ RMS"\iorm ] _,J _J _J _J _J _J _J _J _J J J J J J J J J J HyperCAT (last 3 layers) 93.90 94.81
1 Layerfgf3 HeadZwf3 Type®Hmfd = T T - HyperCAT (last 2 layers)  93.41 94.35
[ Transformerz ]:_q ALHIRE HyperCAT (last 1 layer) 94.02 95,39

7 S [E(TRETEENTF R (40%) , LAVERN)I4SE ) SEIERURAE, LM THES 5 ARIERE

Kunxi Li, Zhouzhou Shen, Wenyan Fan, Shengyu Zhang. HyperCAT: Dynamic Hyperetwork-Driven Parameter Compression for Edge-Compatible LLM Fine-Tuning. CEFSW @ ICMR 2025
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Dataset
Model Method Amazon-CD MovieLens-100k
r_ %'X—_l 1: J_ é NDCGT | Hit] | Params|| FLOPs| | NDCGT | Hit] | Params|| FLOPs|
E \ 1E Base 0.0386 0.0529 1.3107 0.2086 0.0517 0.1077 1.3107 0.2086
1 )\J*Hj\ /i'-E TIEE& SASRec DIET 0.0425 0.0590 0.0410 0.1154 0.0635 0.1319 0.0410 0.0416
EEE?'X—)SI , | ! 1§¢ Improv. T | 10.96% 11.53% X 31.97 % 1.81 22.82% 22.47% % 31.97 % 5.01
H Base 0.0310 0.0424 0.4922 0.0586 0.0569 0.0719 0.4922 0.0586
Caser DIET 0.0356 0.0488 0.0154 0.0294 0.0617 0.0771 0.0154 0.0488
Improv. T | 14.84% 15.09% X 31.96 ¥ 1.99 10.42% 7.32% X 31.96 X 1.76
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i MItREYEE DIRF R ERTHEIR R EIR F
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Datasel

Maodel Method MovieLens-1M Amazon-Food

NDCG T | HitT | FLOPs | | Param | | NDCGT | HitT | FLOPs | | Param]

DeviceRec 0.0969 0.1816 0.6244 3.9936 0.0526 0.0620 0.6244 3.9936

Ruin s | .
uﬁﬁ1)n\uélj:|:1;@/l\'|\$xE%U SASRec Finetune 0.0939 0.1793 0.6244 3.9930 0.0523 0.0623 0.6244 3.9936

Forward-OFA 0.1182 | 0.2081 | 0.5699 3.6384 0.0590 | 0.0713 | 0.5667 3.6160

Qﬂ:*/j%%k'&-l-jj ﬂi&{ ’L/J Improv.] | 2197% | 1459% | x110 | x110 | 1229% | 1490% | x110 | x 110

M2 4—? b= ?_Z_ =1 L= \/ DeviceRec | 0.0975 | 01846 | 1.5053 | 95846 | 0.0401 | 0.0467 | 15053 | 9.5846
'_—LIH'.I E‘i?ggﬁ - iﬁglﬂﬁiﬁ U\J*H__I- i TIEHX finetune 0.0879 | 0.1715 | 15053 | 95846 | 0.0399 | 0.0467 | 15053 | 9.5846

MNextltNet
ex ¢ Forward-0FA 0.1226 0.2140 0.6167 3.8656 0.0523 0.0613 0.3126 1.9104
Improv.T 25.74% 15.96% »2.44 »2. 48 30.24% 30.99% »4 82 »5.02
ot [ e
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Lv Z, Zhan T, Wang W, et al. Collaboration of Large Language Models and Small Recommendation Models for Device-Cloud Recommendation KDD 2025.
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Stage 1: Fundamental Abilities

GUI-Specific
GUI Understanding:
e Screen2Words
e Screen Annotation

Question Answering:
s ScreenQA
e Complex QA

Instruction Grounding:
e RicoSCA
e Widget Caption
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e PixMo
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@ Task: Set an alarm for 7am.

Current
Environment
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Stage 2: Native Advanced Reasoning

Reflection
Prior
Expectation O Expected to open clock app by tapping icon... (Succeed V') |

v

Hierarchical Reasoning
Strategic Layer:
Summary: Home screen — App Drawer — Clock interface
Planning: Alarm tab — Create new — Set 7am — Save

» Tactical Layer:
Current Step Reasoning: Need to access alarm tab from current
clock screen with multiple function tabs

\/ indu
®
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Grounding: Tap alarm icon in top left corner
Action v
{"name": "tap", "arguments": {"point": {"x": 115, "y": 67}}} )
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Alarm tab will open showing new alarm option...
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[BRAEIREN , B RIS RS AR EAGUIE ‘ﬁ*‘éﬁlﬁ ;&f)ui(j‘GUIuﬂL’?%D 5ZEHIERE
> WEERNCES, BYBirSRSSRERBESHEEREEINNE ERERRYRIIEIR S fFE i R B

2 | BRI EN Yﬂﬂ?’%ﬂﬁ@c%ij

Reactive | Basic Basic SBmSHEMRE  Deliberative f Sereensootp
> > Model Performance on ScreenSpot-Pro
Actor | smcuisasEa  Reasoner l Reasoner | EHRIES Reasoner — ) sV

N g

SEIRER

45
%I I’Tg’ﬂﬂﬁ Qwen2.5-VL-32B
m ey Prers s 3 — . eTra=t UI-TARS-72B
TR 23j8] REMUVRHANEINSE REXREESHRE “ APy P——
=i HEEARIE — ] I b . T S ER S —
N = £ UGround-V1-7B Kimi-VL(MoE)
SSEEEEN @ FIRBL £ R TARS2B SR
==~ s “TARS-
ZEHER > ?SIUiﬁ Co ' @ 2 5VL3B ¥ nAGUILRI-B
=il éﬁ'.] B#r E_{th—_rz;}] ESEIN=)8 EE_ 25 Qwen2.5-VL- @  Dense Models
| < = = MoE/Unknown Param Models
g 2, 08-Atlas-7B
71 8 4 3 ERER £ os T
e ety . PRy E 15
,°  <think> HET N LU I I, -7 R TSI T s I S I N IR A SII
| Okay, the user wants to view details of... 27 \ 7 <think> S\ 104~ ShoWDI2B- -~ -~ === ==~ =~ m = CogAgent-188  Aria-UI(MoE)
1 Hmm, the user needs shipping info. Maybe it's in the full description or another section ... N [ Okay, let me see. The user wants to add the Nike leggings to their cart in the Nike app... \
: After that, if shipping isn't there, maybe I need to swipe further down or look for ... 1 | Looking at the screenshot, the size selection modal is at the bottom... : 5 0S-Atlas-4B
1 So the next step is to click the 'See full description' button. The coordinates for that 1 | Therefore, the action should be to click the L size's coordinates. Let me check the |
1 button's point_2d are [514, 2026]... ! I function parameters. The click action requires the coordinate array. The point 2d for L, 1 B B 8 18B 2B 2B
. L. . . L. 1 p
I Wait, the 'See full description button's point_2d is (514, 2026). The screen's resolution is | I is [546,2049]. So the function call should be click with those coordinates. 1 Parameters
: 1092x2408, so that coordinate is valid.... 1 : So the next step is to perform a <step> click on the L size </step>'"s position. That :
1 Therefore, the next step is to perform the click on the 'See full description' button... : | should allow the item to be added to the cart. = h—_;ﬂ 1
| </think> . I </think> 25 1
1 <tool call> ﬁrﬁj]ﬁl} : ! <tool_call> ! E‘ 'ﬁ ﬁﬁw¥mG U I I IE; ZE{_LI)sJ _t
l\ {"name": "mobile_use", "arguments": {"action": "click", "coordinate": [514, 2026]} } 1 I\ {"name": "mobile_use", "arguments": {"action": "click", "coordinate": [546, 20491} } ’ !

. </tool (‘all> L </tool call>
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) i v— MSLM
MLLM Plan o— M3A GPT-40 — 28.44 7.1 13.39 87469
. EcoAgent (ShowUL GPT-40, ShowUI (2B), Qwen2-VL-2B-Instruct 25.86 5,57 1.87 3545
Instruction Plan EcoAgent (0S-Atlas) GPT-40, OS-Atlas-Pro 4B, Qwen2-VL-2B-Instruct ~ 27.57 533 153 3240 I
J— . Ay ‘= Ny —— /=
=ML EaeREEBESE IinUITE ST TS T

5
5

AndroidWorld
SR(%) ST MC MT

Agent Foundation Model(s)

4o

Plan Fine-tuned Ablation Setting AndroidWorld
* MSLM Execution Agent Planning Agent Observation Agent SR (%) ST MC MT

6.97 4.99 0 0

— v
Reflectio < ShowUI Vi N 1552 361 1 2149
a a|lv— < \‘ < . <+ | 7 v v 2556 533 187 3545 )
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4.31 12.55 [ 0

Text 0s-Atl
Text MLLM Plan representation MSLM Next Screen B I 7 7 %
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» AEIA-MN: $¥30S AgentZHNEMKIZIEANIREHK /VDDOE

> NARSRERNGMIGEAREL A (RBEN. JiEA) |, 5 OS Agent IER A EEFEIGHIIREIEAL .
> XJ OS Agent IERAR DR, RBISIREBFHIERIINEL TN, #MsHIIEEEZm Agent FIRRITIE.

EEN P OETF =P
581
Find a paper Receive Instruction Embe_dding Add noise to the image, causing the LLM to |nterpret
named .. and read the screen Adversarial text or it as a picture containing a human
image in apps

l User stop action; Find a image with Receive Instruction
= ST = output finsh human ... and read the screen
. | ‘ x

., the last email also sned
to xxx@gmail.com

User Agent | erreessreesssarrsssssasressssasresssseeressssarressssareeesss - Wt
- Use my Credit ) : Embedding - i i 5
I stole the email =N . | got the email Cardto buy ... Em— invisible forms -
in web pages User Agent OS devices
v

Thisis not
the imagg
| wanted

ﬂww e;

Attacker OS devices 5
OS AgentiZZiEAN we biﬁﬁﬂ’iﬁ&)\ OS AgentXJintF7A

Yurun Chen, Xueyu Hu, Keting Yin, Juncheng Li, Shengyu Zhang: AEIA-MN: Evaluating the Robustness of Multimodal LLM-Powered Mobile Agents Against Active Environmental Injection Attacks. CoRR abs/2502.13053 (2025)
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» EFERBIIGHIEBIZBEAERENER  /VDDo"
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EIOER
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B A

Raw query: Question: Chase wants o buy 4 kilograms of oval beads and 5 kilograms of star-shaped oyl beads ‘S2dlogram ey
B beads. How much will he spend? (Unit: $)\nHint: Please answer the question requiring an integer A
(b) Self-Evaluation (d) SEAT answer and provide the final value, e.g., 1,2, 3, at the end.\nSolution: rectangular beads S3kilogram Method = =
R ) Average Multi-choice  Free-form  Text Integer General VQA  Math-targeted VQA
aw answer: The answer s 18 star-shaped beads S2/ilogram
Integrated - Synthetic Data Augmentation
P [ ,“ _1/ o y! i Base: spherical beads S2kilogram Base (inference) 0.2850 0.4407 0.1022 0.4407  0.1124 0.3391 0.2389
ﬂ’ b w I{rlj = Inference: 4 Kilograms of oval beads cost S2/kilogram, 50 Chase will spend $4'* $2 = $8 on oval  haart.shaped beads Sakilogram Base (evaluation) 03530 07 0.1326 07 0.1459 ¢ 0.2833
7, [ 4 »g -_1 beadsns kilograms of starshaped beads cost $3/kilogram, so Chase will spend §5 \\* $3 = 15 on s . Finetune (inference)  0.3160 0.1609 0.1770 03130
d CoT Inference SelfReflection. | = I:: :3 4 rshaped b ain ol C_"“:’f“ ‘5::"" R—— — = e ahaped b o Finctune (evaluation) ~ 03490 0.4926 0.1804 0.1986 03444
EMLIM ] valuation: There were no mistakes in the previous reasoning process. The final answer is awer- s dlogram CoT (inference) 03380 04815 0.1696 0.1866 03426
Finetune: Raw Image CoT (evaluation) 03760 0.5352 0.1891 02081 03593
CoT Inference _ Self-Reflection Inference: [EIEIRISII SEAT (inference) ~ 0.2760 0.4278 0.0978 0.1077 0.2593
R B Evaluation: The answer is No mistakes, the answer is 12 _ SEAT (cvaluation) 02850 04389 0.1043 89 0.1148 0.2556
CoT: Cas-SEAT (inference)  0.3390 0.4889 0.1630  0.4889  0.1794 0.3167
Inference: To find out how much Chase will spend, we need to calculate the cost o the oval beads and the star-shaped beads separately and then add s-SEAT (ev: 6 0. 0. 2727 0.4
them together.\n\nTh  the oval beads is 4 kil 2/l S8.AninTh £ th haped beads is 5 kil $3kil CasSEAT (cnalustion) 3,0, 4580 S 2478 S2ZLR 1272 2hy
— m together.ninThe cost of the oval beads is 4 kilograms x S2/kilogram = $8.nnThe cost of the star-shaped beads is 5 kilograms x $3/kilogram = .
Integrated S s ° $15.\ninTo find the total cost, we add the cost of the oval beads and the star-shaped beads together: $8 + $15 = $23.\n'nTherefore, Chase will spend $23 Improve 19.68% 15.07% 31.04% 15.07% 31.04% 17.01%
Prompt [{:J on the beads \n'n  The answer is $23
_P’ [ S 1 Evaluation: In the previous reasoning process, we calculated the cost of the oval beads and the star-shaped beads separately and then added them Math-V
E (e) Cas-SEAT together. We found that Chase will spend $23 on the beads.\n'nThere were no mistakes in the previous reasoning process.\n\nThe answer is $23 Method All Leveld  Leveld  Levels
d 9 3
CoT Inference  Self-Reflection SEAT:
EMLI 3 q q Inference: 1. Self-Evaluation:n\n* The image shows a table with different types of beads, including oval and star-shaped beads.\n* The table has a Base (inference) 0.0526 00364  0.0444  0.0299
Synthetic Data Filtered Synthetic Data Augmentation price for each type of bead\m* The task s to calculate the total cost of buying 4 kilograms of oval beads and 5 kilograms of star-shaped beads.\ntn2. Base (evaluation) 0.0757 0.0364  0.0444  0.0896
¥ ’ Final Result:\n\nThe answer is $2 + $3 = $5 Finetune (inference)  0.1743 0.0893  0.1778  0.1912
-W Evaluation: 1. Self-Evaluationinin* The image shows a table with different types of beads, including oval and star-shaped beads \n* The table has a Finctune (evaluation)  0.1776 0.0893 0.2059 0.
)7 pfm; fm‘e?c\l:] nyp::f bead. \!‘.' 121\: ':;sli is to calculate the total cost of buying 4 kilograms of oval beads and 5 kilograms of star-shaped beads.\n'n2. CoT (inference) 0.1414 0.0714 01765  0.0526
- e L CoT (evaluation)  0.1447 0.0714 01912 0.1053
Cas-SEAT: SEAT (inference) 0.0592 0.0357 0.0882  0.0000
Inference: To find out how much Chase will spend, we need to calculate the cost of the oval beads and the star-shaped beads separately and then add SEAT (evaluation) 0.0888 0.0714 0.1324  0.0000
CoT Inference  Self-Reflection them together.\nin 1. Cost of oval beads’n - Quantity: 4 kilogramsin - Price per kilogram: $2/kilogramin - Cost: 4 kilograms * $2kilogram = “Cas-SEAT (inference)  0.1711 02321 01912 0.1579
mm— $8Wnin2. Cost of star-shaped beadsn - Quantity: 5 kilogramsin - Price per kilogram: $3/kilogramin - Cost: $ kilograms * $3/kilogram = $15\nin3. Cas-SEAT 02763 0.2500 03235 03158
: Add the costs together:n - Total cost: $8 +$15 = $23 3 e St iy
Evaluation Synthetic Evaluation: Reflection:\nnln the previous reasoning process, there were some mistakes. The initial step was to calculate the cost of the oval beads and Improve 5557% 2133% 2501% 17996% 4001% ST _19991% 20.19% 1431% 9991%
Data EMLLM Output the star-shaped beads separately. However, the calculation for the star-shaped beads was incorrect. The price per kilogram for star-shaped beads was

S3/kilogram instead of $2/kilogram. This led to an incorrect calculation of the costn'nTo correct this, we need to recalculate the cost of the star-shaped
/ beads using the correct price per kilogram. The correct price per kilogram for star-shaped beads is $2/kilogram \nin The correct calculation for the cost
of the star-shaped beads is as follows:\n\n- Quantity: 5 kilograms\n- Price per kil n: $2/kilogram'n- Cost: 5 kilograms * S2/kil

e e e LU U 11 L ST g EZEHZF N LEEIEE BENIRTF,
BIF (REBRE B EIEERE D, KIERH BT ihEe JHIE K EWAEEIT &R

LLaVAv1.5(7B). Qwen2-VL(2B)EBEFK&E )G SHEEE, H88EF20%

Zheqi Lv, Wenkai Wang, Jiawei Wang, Shengyu Zhang, Fei Wu: Cascaded Self-Evaluation Augmented Training for Efficient Multimodal Large Language Models. CoRR abs/2501.05662 (2025)
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